In order to model route planning problem for emergency logistics management taking both route timeliness and safety into account, a multiobjective mathematical model is proposed based on the theories of bounded rationality. The route safety is modeled as the product of safety through arcs included in the path. For solving this model, we convert the multiobjective optimization problem into its equivalent deterministic form. We take uncertainty of the weight coefficient for each objective function in actual multiobjective optimization into account. Finally, we develop an easy-to-implement heuristic in order to gain an efficient and feasible solution and its corresponding appropriate vector of weight coefficients quickly. Simulation results show the effectiveness and feasibility of the models and algorithms presented in this paper.
Introduction
In recent years, a number of frequent natural disasters and man-made catastrophic events happen occasionally [1] [2] [3] . As an emerging research area, emergency logistics management is attracting more and more attention of researchers [4] [5] [6] [7] [8] . Disaster relief requires efforts on many fronts: providing rescue, health and medical assistance, water, food, shelter, and long-term recovery efforts. Much of successful and rapid relief relies on the logistical operations of supply delivery [9, 10] . Furthermore, important or hazardous materials must be transferred from the affected areas to safety areas; even those people at risk in some disasters like gas leak and fire also should be evacuated from the affected areas to safety areas. Many of successful and rapid evacuation and transfer tasks rely on the effective emergency logistics operations.
Route planning is one of the fundamental problems in emergency logistics management. Among the existing researches of emergency logistics management [11] [12] [13] [14] , several complicated models have been built considering the disaster conditions. But most of the existing research works of emergency logistics management took time as the most important factor in route planning to be considered. The objective of the existing route planning model was to minimize the time needed to complete the logistics transmission process. However, the route safety should also be taken into account as an objective of the route planning model for emergency logistics management considering the vulnerability of humans during disaster time.
On the other hand, most of them consider the parameters on each arc of the logistics network as constants. In fact, the travel conditions on the arcs will be greatly affected by disaster extension especially under some disasters like hurricane, flood, and gas leak that will extend gradually in time and space [15, 16] . For example, the degree of congestion on each arc will be dynamic under disaster conditions, which will make the travel speed on each arc change correspondingly, and the safety through each arc may also change under disaster conditions. Furthermore, the change extent will differ with the positions of the arcs and the severity of the disaster.
Yuan and Wang [15] constructed a model to express the effect that the disaster extension influenced the travel speed. Moreover, they built a multiobjective model taking more actual factors into account. To the best of our knowledge, it is 2 Mathematical Problems in Engineering necessary for us to go on the research towards this direction. Zhang et al. [16] proposed a novel bioinspired method to solve the selection model for emergency logistics management under real-time effect of disaster extension. Both of them first convert two objective functions into a single-objective function by using the weighted-sum method and assume the weighting coefficients as fixed real numbers. However, due to the complexity of actual problems and subjectivity as well as limitations of decision-makers' cognition, decision-makers often encounter a lot of uncertainties so that they can only get variation ranges of the weighting coefficients [17, 18] . This uncertainty will give decision-makers a great deal of difficulty in emergency decision-making.
In this paper, we focus on the route planning problem in emergency logistics management and build a mathematical model to select the optimal route. The motivation of this research is to consider more actual factors in time of disaster and decision-making when building models and designing algorithms. The factors we take into account include travel time and the safety of the route, as well as uncertainty of the weight coefficient for each objective function in actual multiobjective optimization. The safety of the path is modeled as the product of safety through arcs included in the path. A multiobjective mathematical model is built in our study and algorithms are developed to solve the model. Our method for studying path selection problem in emergency logistics management is presented in Figure 1 .
As described in Figure 1 , firstly, a multiobjective mathematical model based on the theories of bounded rationality is built for route planning in emergency logistics management considering route timeliness and safety. The two objectives of the model are to minimize total travel time along the route and to maximize the safety of the route, respectively. We proposed an easy-to-implement heuristic method in order to gain an efficient and feasible solution quickly. In our method, we first translate (6) into (9) and then the proposed model can be converted into a conditional multiobjective shortest path model which is different from classical shortest path problem. To solve this problem, the weighted-sum method is used to convert the conditional multiobjective shortest path problem into a single-objective shortest path problem and two constraints, where we take uncertainty of the weight coefficient for each objective function in actual multiobjective optimization into account. Based on the single-objective shortest path model, we can construct two auxiliary functions. Finally, the main-objective method is used to define the optimal solution of the multiobjective route planning model. By this way, two different heuristic algorithms are designed to solve the proposed model. In the static heuristic algorithm, an efficient and feasible solution and its corresponding appropriate vector of weight coefficients for the multiobjective route planning model can be obtained quickly by using the classical Dijkstra algorithm and * algorithm based on the established auxiliary functions if not considering real-time effect of disaster extension, and, in the dynamic heuristic algorithm, an efficient and feasible solution and its corresponding appropriate vector of weight coefficients for the multiobjective route planning model can be acquired by using the modified Dijkstra algorithm and * algorithm based on the established auxiliary functions if considering real-time effect of disaster extension. Simulation results show the effectiveness and feasibility of the model and algorithm.
This short communication is organized as follows. Section 2 gives the multiobjective route planning model for emergency logistics management. Section 3 introduces preliminaries briefly. Section 4 details the proposed method to solve route planning problem in static and dynamic environments, respectively. Section 5 shows the simulation results in different cases to illustrate the efficiency of the proposed method. Section 6 ends the communication with conclusion.
Route Planning Model for Emergency Logistics Management

Definition of Variables and Parameters.
(1) Let arcs denote the ground roads and nodes denote road intersections. An emergency logistics network is defined by a graph = ( , ), where = {V 1 , V 2 , . . . , V } is the set of nodes and ⊆ × is the set of arcs. V 1 , V 2 , . . . , V denote the nodes in the network.
(2) denotes the length of the arcs between nodes V and V , where (V , V ) ∈ .
(3) , denote the travel time and route safety from node V to V , respectively. Let denote the time when the logistics reach node V and denote the time when the logistics reach node V along arc (V , V ). It is obvious that = − . (4) 0 is the travel speed on arc (V , V ) under free travelling conditions. Define ( ) as the travel speed on arc (V , V ) in the affected area at time under disaster conditions.
Observing the extension processes of some disasters such as flood and hurricane, we can find that the travel speed on each arc of the network will differ with the extension of disasters [15] . Hence, we use a congestion coefficient to denote the change extent of the travel speed, which is affected by the position of the arc, the type of the disaster, and so forth. Then ( ) = ⋅ 0 . Based on the above definitions, it can be acquired that
The congestion coefficient on each arc of the logistics network can be considered as a fixed value when the period of logistics operation is short, namely, in a static environment. But when the period of logistics operation is long, may dynamically change with the extension of disasters in time, and the route planning problem we focus on is actually a shortest path problem in a dynamic environment.
is the decision variable in the model. = 0 when arc (V , V ) is not included in the fixed route and = 1 when arc (V , V ) is included in the fixed route. (6) Suppose that denotes a feasible route from the source node to the destination node, which is constituted based on the constraints as follows:
= 0, 1, , ∈ {1, 2, . . . , } .
Constraint (2) restricts the value of to constitute route and Constraint (3) ensures that there are no circles in the route . Constraint (4) is the 0-1 integer constraint of the decision variable .
Bounded Rationality in Decision-Making.
After the 1950s, it was recognized that the entire rationality model based on the hypothesis of "economic man" is actually an ideal model, so it is impossible to guide decision-making in practice. To solve this problem, Herbert Simon proposed the bounded rationality model, where the "social man" was used instead of "economic man" [19] . Simon's bounded rationality model is a relatively realistic model, and it considered that human rationality is a bounded rationality between entire rationality and entire irrationality. The main points of this theory are issued as follows.
(1) There are some contradictions in the connotations of means-ends chain, so single analysis of means-ends chain would lead to inaccurate results. (2) Decision-makers seek something that is bounded rational rather than entirely rational. (3) Decision-makers seek something that is "good enough, " that is, something that is satisfactory, rather than something that is best.
Above all, decision-makers tend to seek a route that is "good enough" but not the best for the practical problems.
Multiobjective Route Planning Model for Emergency Logistics Management.
First of all, time is one of the most precious resources under disaster conditions. We are able to grab the initiative to save lives and fight for victory if we gain the resource of time. Therefore time is a decision-making objective that cannot be ignored under any emergency situation.
Furthermore, observing the extension processes of some disasters such as flood, hurricane, and gas leak, we can find that the vulnerability of humans on each arc of the network will differ with the extension of disasters. The probit approach is usually used to determine the vulnerability of humans during disaster time, based on which lethality of humans under disaster conditions can be estimated [20] . Let denote the lethality of humans from node V to V ; then the safety of arc (V , V ) can be acquired as follows: = 1 − , where 0 ≤ ≤ 1. Hence, a multiobjective route planning model can be built taking into account both time factor and route safety factor. The objectives of the model are to minimize total travel time along the route and to maximize the safety through the route, respectively, where the route safety is modeled as the product of safety through arcs included in the path. The model can be formulated as follows.
Model I:
s.t.
Here, , denote the satisfaction level of travel time and route safety through the selected route given by the emergency makers, respectively; Constraints (7) and (8) are conditions based on the theories of bounded rationality.
Preliminaries
Classical Algorithms to Solve Single-Objective Shortest
Path Problem. Classical algorithms to solve single-objective shortest path problem include static algorithms and dynamic algorithms. Dijkstra algorithm is one of the classical algorithms to solve shortest path problem in static environments effectively [21] . The basic idea of the algorithm is to find shortest route from the source node step by step. Dijkstra algorithm maintains labels and with each node V , which are the total weight of the shortest path and an upper bound of the total weight on the shortest path from the source node to each node V , respectively. At any intermediate step, the algorithm modifies the labels of nodes and sets label for a certain node; then it adds the node to the set of nodes with labels. Thus the number of nodes with labels will increase by one after each step and the shortest paths from the source node to all the other nodes in the network will be found after at most ( − 1) steps. * algorithm [22] is another classical algorithm to solve shortest path problem in static environments effectively. * algorithm uses heuristic information to narrow the search space in the search, so we can get the optimal solution faster and more effectively than Dijkstra algorithm.
Dijkstra algorithm and
* algorithm are efficient in static networks, but they are not suitable for solving shortest path problems in dynamic networks, such as dynamic environments with weight on each road section changing constantly.
* algorithm [23, 24] , that is, dynamic * algorithm, is one of the classical algorithms to solve shortest path problem in dynamic environments effectively, which is mainly used in route planning for robots. The basic idea of the algorithm is to check the changes of the next node or the adjacent node on the shortest route to update the shortest route when moving to the target point.
Construction of Auxiliary Functions.
First we construct a new network 1 = ( , 1 ), where 1 = { : = (V , V ) and > 0}. It is necessary to translate it into a minimization problem by using max ( ) = − min ( ) since (6) is a maximization problem. In addition, (6) is in the form of product with respect to the weight of arc (V , V ). In order to use the shortest path algorithm to solve (6) , it is necessary to translate (6) into a form of summation with respect to the weight of arc (V , V ) by using ( ) = exp[ln ( )]. By this way, we can obtain an equivalent form of (6) in network 1 as follows:
By this way, the multiobjective route planning model proposed in Section 2.3 can be translated into a conditional multiobjective shortest path model based on the theories of bounded rationality as follows.
Model II: (5) and (9) s.t. (7) and (8) .
Suppose that min , min denote the optimal value of (5) and (6), respectively. And max , max denote the value of (5) and (6) corresponding to the longest route between the source node and destination node, respectively. Then we use the weighted-sum method to deal with (5) and (9) and convert them into a single-objective model as follows.
Model III:
Here, ( , ) ∈ R = {( , ) | , ≥ 0, + = 1} is the vector of weighting coefficients. According to the theorem about weighted-sum method [25] [26] [27] , the minimizer of this combined function is Pareto optimal and the solution is a noninferior solution of multiobjective optimization problem with respect to (5) and (9) . Suppose that is the best path obtained by Model III corresponding to an already known weighting coefficient . Based on Model III, we can obtain two auxiliary functions as follows:
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In order to propose a feasible algorithm to solve Model III, first we construct a new factor Proof. Consider the following:
, and 1 , 2 are constants for a known network graph
Therefore, the shortest route with respect to the new factor can be obtained by applying an existing singleobjective shortest path algorithm, such as * algorithm or * algorithm, and the obtained route, namely, is the optimum solution of Model III with respect to the vector of weighting coefficients ( , ). (11) and (12) are increasing functions of , respectively, and (11) can obtain the minimum value of ( ) when = 0 while (12) can obtain the maximum value of ( ) when = 1.
Lemma 2. Equations
Proof. Let 1 , 2 be the optimum solution of Model III with respect to 1 and 2 , respectively, where 0 ≤ 1 < 2 ≤ 1. Based on Model III and Lemma 1, we can obtain that
Therefore,
. So we can conclude that (11) and (12) are increasing functions of , respectively. Let 0 , 1 denote the optimum solution of Model III with respect to the vector of weighting coefficients (0, 1) and (1, 0), respectively. According to Model III and Lemma 1, we can obtain that min (0) = min ∑ (V ,V )∈ /( max − min ) and
= max ( ). The conclusion is obtained.
Main-Objective Method to Deal with Multiobjective Optimization Problems.
If a feasible route from the source node V 1 to the destination node V is the best path obtained by Model III and satisfies Constraints (7) and (8), we can easily obtain that the route is a noninferior solution of Model II, that is, a noninferior solution of Model I. According to Lemmas 1 and 2 and Constraints (7) and (8), the set of noninferior solutions can be generated by using single-objective shortest path algorithms to solve Model III when varies within the interval [0, 1].
According to Lemma 2, the optimization objectives of route timeliness and safety conflict each other in the process of multiobjective route planning within the set of noninferior solutions. To solve this problem, we use the main-objective method to deal with the multiobjective route planning model. The main-objective method is a method of solving multiobjective optimization problems. The basic idea of this method is to seize the main objective and take into account other requirements, that is, to select a target from the multiobjectives as the main target; other objectives only need to meet certain requirements. The selection of main objective in multiobjective optimization problems depends on the needs of decision-makers. Therefore, the optimization objectives of the multiobjective route planning model in actual emergency logistics management can be divided into major and secondary optimal objectives. In order to facilitate the description, we assume the optimization objective based on (6) as the main target of the multiobjective route planning model. Accordingly, the optimal solution of the multiobjective route planning model can be defined as follows.
Definition 3.
* is the optimal solution of the multiobjective route planning model if ( * ) = min{ ( ) : ∈ }, where is the set of all the noninferior solutions to Model I. 
The optimal solution of the multiobjective route planning model can be acquired based on Definition 3 if is obtained. But the algorithm based on this idea is of high complexity, which cannot meet the demand of emergency decisionmaking. Therefore, according to the auxiliary functions constructed in Section 3.2 and their properties, we propose a heuristic method to generate the set of noninferior solutions and find the optimal solution in the generated set. The proposed algorithm is a fast, approximate algorithm.
The Proposed Heuristic Algorithm
In general, the approach of solving a multiobjective shortest path problem is to convert the multiobjective shortest path problem into a single-objective shortest path problem based on the weighted-sum method [15, 25, 28] . However, the difficulty of using weighted-sum method is how to find the reasonable weight coefficients to reflect the importance of each single objective in the multiobjective optimization problem. To solve this problem, we proposed a heuristic method. In our method, different single-objective shortest path algorithms are used to generate the set of noninferior solutions by solving Model III when varies within the interval [0, 1], and the satisfaction levels of secondary optimization objectives were converted into constraints, and the optimal route will be obtained finally by searching best solution of Model III in the direction of satisfaction of the main optimization objective in the multiobjective route planning model increasing. In order to improve the efficiency of the algorithm, it is not finding the optimal solution at an even pace but quickly searching the optimal solution by reducing the current interval [ 2 , 1 ] according to Deduction 1.
Static Heuristic Algorithm to Solve Model I Based on *
Algorithm. In our approach, first we remove the arcs that do not meet the safety conditions in the network, and then the Dijkstra algorithm is applied to find the shortest route to obtain min and min . What is more, it is used to obtain max and max based on Lemma 2, respectively, so as to construct the new factor for arc (V , V ). On the other hand, the * algorithm is used to find the optimum solution of Model III corresponding to the weight vector ( , ) in the network based on Lemma 1. Finally, according to satisfactory levels given by the decision-maker, the optimal route of the multiobjective route planning model in static environments can be found.
Pseudocode 1 presents the pseudocode of the heuristic algorithm to solve the multiobjective route planning model in static environments, considering the sets, parameters, and variables as defined in Section 2.1.
Dynamic Heuristic Algorithm to Solve Model I Based on
* Algorithm. In many cases, the travel conditions on the arcs may be greatly affected by disaster extension especially under some disasters, like hurricane, flood, rainstorm, and gas leak, which will extend gradually in time and space. The route safety and congestion of each arc will change dynamically under disaster extension, and the changing extent will differ with the positions of the arcs and the severity of the disaster. In static environments, 0 and 1 can be obtained through the classical Dijkstra algorithm and Model III can be obtained through the * algorithm, and, after several cycles to solve Model III, Model II can be finally solved when obtaining the appropriate vector of weighting coefficients ( * , * ). But in dynamic environments, the three singleobjective models based on (5), (6) , and (8) cannot be solved through either of the above two algorithms. To solve this problem, as presented in Pseudocode 2, the classical Dijkstra algorithm is replaced by the modified Dijkstra algorithm [15] , and the * algorithm is replaced by the * algorithm; other steps of the algorithm to solve the route planning model in dynamic environments are the same as those of the algorithm in Section 4.1. Pseudocode 2 presents the pseudocode of the heuristic algorithm to solve the multiobjective route planning model in dynamic environments.
Algorithm Advantage.
The proposed algorithm not only is conducive to solving problems for the emergency decisionmakers, but also can help the decision-makers to raise problems. When the satisfaction levels of decision-makers are known, the proposed algorithm can be used to find the optimal solution of multiobjective route planning model for emergency logistics management, that is, problem solution. In addition, the variations of ( ) and ( ) with the value of can be acquired by using the proposed algorithm when the satisfaction levels of decision-makers are unknown, and, according to the above two curves, the decision-maker can set different satisfaction levels for the optimization objective functions in the multiobjective route planning model to put forward different optimization problems, that is, problem presentation.
Thus, the proposed algorithm in Section 4 can be used as an auxiliary tool for emergency decisions, which can be used to find the optimal route of multiobjective route planning model and get reasonable weighting coefficients.
Computational Experiments
In order to show the effectiveness and feasibility of the model and algorithm, in this communication, numerical experiments are carried out to verify Lemma 2 in Section 5.1 and test the algorithm advantages in Sections 5.2 to 5.3. an emergency logistics network is shown in Figure 2 . Suppose the disaster happens at node (0, 0), that is, the source node, and node (5, 5) denotes the position of exit, that is, the destination node. Suppose that the period of logistics operation is short, namely, in a static environment. The parameters of the emergency logistics network, such as the length of each arc , route safety of arc (V , V ) , the initial travel speed 0 , and the congestion coefficient , are shown in Table 1 . In order to verify Lemma 2 in Section 3.2, first we construct a new network 1 = ( , ), where 1 = { : = (V , V ) and > 0}. Let vary within the interval [0, 1], let the interval of each two adjacent values be 0.02, and let the constructed parameter = ⋅ | ln |/| ln max − ln min | + ⋅ /( max − min ) be assigned to weight on arc (V , V ), and then, based on Lemma 1, we can obtain the shortest path from node (0, 0) to node (5, 5) of Model III with respect to weighting coefficient by using the * algorithm.
Results of Model III When Varies within the Interval
From the parameters shown in Table 1 , we can obtain the travel time and route safety of these paths. Figures 3 and 4 show the variation of and with the value of . From Figures 3 and 4 we can see that and are increasing functions with respect to , respectively. The computational 8 Mathematical Problems in Engineering Table 1 : Parameters of the emergency logistics network. experiments results are consistent with Lemma 2 proposed in Section 3.2.
Results of Model I in Static Environments
Optimal Route from Single Source Node to the Destination Node.
Here we use different set of satisfaction levels of the secondary optimization objective to reflect different requirements for timeliness objective in decision-making. The optimal route * and its corresponding appropriate vector of weighting coefficients ( * , * ) can be obtained by applying the static heuristic algorithm in Section 4.1. From Table 2 we can see that * is the shortest path of the safety objective in Model I when ≥ 7.2291, and the corresponding appropriate vector of weighting coefficients is (1, 0) .
* is the shortest path of the timeliness objective in Model I when = 6.1392, and the corresponding appropriate vector of weighting coefficients is (0, 1). Model I has no solution when < 6.1392 min. So we can conclude that the results of the multiobjective route planning model will differ when is set differently. (1, 4) , (2, 4) , (3, 4) , (4, 4) , (4, 5) Figures 5 and 6 show the variations of route safety of * and its corresponding appropriate weighting coefficients with the value of , respectively. From Figure 5 we can see that the value of route safety along * tends to decrease when becomes lower. This shows that the value of route safety through * tends to decrease when we were more pressed for time in finishing the emergency logistics tasks. From Figure 6 we can see that * tends to increase and * tends to decrease when the satisfaction level of the secondary optimization objective increases. We can see that appropriate weighting coefficients of timeliness optimization objective and safety optimization objective in the model tend to increase and decrease, respectively, when we were more pressed for time in finishing the emergency logistics tasks. This shows that the appropriate vector of weighting coefficients will be affected by the satisfaction level of policymakers. Thus, the proposed static heuristic algorithm in Section 4.1 can be used as an auxiliary tool for emergency decisions, which can be used to assist emergency decisionmakers in finding the optimal route and reasonable weighting coefficients quickly.
Optimal Route from Multiple Source Nodes to the
Destination Node. Different position of source nodes will affect the results of the multiobjective route planning model. Here we choose six different source nodes in the logistics network. Then let = 6.14 and keep it unchanged. Table 3 shows the optimal solutions to the multiobjective model from six different source nodes to the destination node. From the results shown in Table 3 , we can see that route safety through * differs with the position of the source node. Figure 7 shows the contrast of the route safety through * obtained by the multiobjective model from six different source nodes to the destination node. From Figure 7 we can see that the route safety through the optimal route decreases with the travel time along the optimal route, that is, with the distance from the source node to the destination node. Suppose = 86%; according to Figure 7 , we can see that there will be no optimal solution to the multiobjective model in compliance with the satisfactory level of policymakers if the source node is at the position of node (4, 4) . The risk mitigation measures should be taken in the affected area of node (4, 4) to raise the safety of emergency logistics. Thus, the proposed algorithm in Section 4.1 can be used as an auxiliary tool for emergency decisions.
Results of the Route Planning Model under Different
Extent of Disasters. Different extent of disasters will affect the travel condition on the arcs of the logistics network differently. Here we use different set of the congestion coefficient and route safety of arc (V , V ) to reflect the extent of disasters. and can reflect the instantaneous influence of disasters on the travel conditions of the arcs; littler and mean greater influence of disasters, respectively. Furthermore, different set of and can also reflect the influence of disasters on arcs in different positions.
In order to carry out our computational experiments under different extent of disasters, first we divide the logistics network with 36 nodes into three areas, the division of the network is shown in Figure 8 , and arcs travelled through the boundary of two areas are treated as arcs in the former area. In each area values of and are generated randomly in different intervals. Suppose the source node and destination node are (0, 0) and (5, 5), respectively. Let = 8.6 min and keep it unchanged. So we can get five grades of disasters severity as shown in Table 4 . In the data of Table 4 , and are set litter in higher disaster grade than in lower disaster grade in corresponding areas, respectively. Disaster grade 0 stands for the situation when there no disaster happened and then the multiobjective route planning model is a single-objective model with respect to the travel time, that is, an ordinary shortest path problem.
In Tables 5-9 , the values of and and the optimal route obtained by the proposed algorithm in Section 4.1 are presented. From Tables 5-9 we can see that the result of route planning differs with the disaster grade, that is, with the set of and . Figures 9 and 10 show the variations of and with the value of under all the disaster grades, and the interval of each two adjacent sets of is 0.02. From Figures 9  and 10 we can see that the maximum and minimum values of ( * ) differ with the disaster grade. Figure 11 shows values of route safety through the optimal route under all the disaster grades. From Figure 11 we can see that the route safety through the optimal route decreases with the disaster grade. If we suppose = 86%, according to Figure 11 , the emergency logistics activities on the ground are not safe and feasible if the disaster grade is higher than grade 3, and therefore other logistics plans should be taken in the emergency response activities. Thus, the proposed algorithm in Section 4.1 can be used as an auxiliary tool for emergency decisions.
Results of Model I in Dynamic Environments
. When the period of logistics operation is long, the congestion coefficient and route safety of arc (V , V ) will be dynamically changed in route planning problem for emergency logistics management under real-time effect of disaster extension, so the travel time on arc (V , V ) is determined not only by the length of the arc and the travel speed function ( ), but also by the time when the logistics reach the origin node V of arc (V , V ) since the travel speed on each arc is dynamic with time. For the same reason, route safety of arc (V , V ) is also determined by the time when the logistics reach the origin node V of arc (V , V ).
Here the source node is (0, 0) and the destination node is (5, 5) . Meanwhile let = 10 and keep it unchanged. Then we use different set of the values of time 0 when the logistics reach the source node V 0 to reflect the response time of emergency logistics. In Table 10 , the optimal route * in dynamic environments obtained by the proposed algorithm in Section 4.2 is presented.
From Table 10 we can see that the result of route planning differs with different set of values of 0 . Figure 12 shows values of route safety through the optimal route corresponding to different set of values of 0 . From Figure 12 we can see that the route safety through the optimal route decreases with 0 , that is, with the response time of emergency logistics. Suppose = 86%; according to Figure 12 , there will be no optimal solution to the multiobjective model in compliance with the satisfactory level of policymakers if 0 ≥ 12. So it is necessary to respond timely so that certain tasks can be executed before the disaster becomes more serious.
Based on Figure 12 , the policymakers can easily decide a reasonable response time for the emergency logistics activities. Thus, the proposed algorithm in Section 4.2 can be used as an auxiliary tool for emergency decisions. Table 5 See Table 6 See Table 7 See Table 8 See Table 9 0 /min Route id 
Conclusions
Route planning problem is an important issue in emergency management. A route planning model based on multiobjective optimization is presented in this paper. The safety of the path is modeled as the product of safety through arcs included in the path. Based on bounded rationality theory, a conditional multiobjective shortest path model was proposed. Finally, a numerical example has been presented to illustrate the effectiveness of the model. There still remain quite a lot of complex factors in route selection for emergency logistics management to be considered. Here we just take time and safety as the main factors in route section for emergency logistics management. Building route selection models taking more actual factors into account will be one of our future work directions. 
